We examined framing effects on exploratory decision-making. In Experiment 1 we tested older and younger adults in two decision-making tasks separated by one week, finding that older adults' decisionmaking performance was preserved when maximizing gains, but it declined when minimizing losses. Computational modeling indicates that younger adults in both conditions, and older adults in gains maximization, utilized a decreasing threshold strategy (which is optimal), but older adults in losses were better fit by a fixed-probability model of exploration. In Experiment 2 we examined within-subject behavior in older and younger adults in the same exploratory decision-making task, but without a time separation between tasks. We replicated the older adult disadvantage in loss minimization from Experiment 1 and found that the older adult deficit was significantly reduced when the loss-minimization task immediately followed the gains-maximization task. We conclude that older adults' performance in exploratory decision-making is hindered when framed as loss minimization, but that this deficit is attenuated when older adults can first develop a strategy in a gains-framed task.
Determining whether to exploit a known option or to explore a new alternative is a critical part of daily decision-making. For example, when craving a certain kind of food, a choice must be made between visiting a previously explored restaurant with known value and a new restaurant of unknown value. If the new restaurant were better, then the next decision would be between the new restaurant and exploring further for an even better option. If it were not better, then the next decision would be to risk exploring again (risking disappointment) or to return to the original choice. Whether it is searching for a parking spot, deciding when to stop dating, or deciding investments, we must choose to explore or exploit countless times on a daily basis. Examining how and why we make these decisions is critical to our understanding of human decision-making.
Converging work in psychology and biology examines exploratory decision-making and optimal decision mechanisms in animal foraging (e.g., Charnov, 1976; Livoreil & Giraldeau, 1997; Wajnberg, Fauvegue, & Pons, 2000) and several aspects of human exploration behavior, such as in the secretary problem (see Ferguson, 1989 , for review), mate search strategies (Todd & Miller, 1999) , and even speed-dating (Beckage, Todd, Penke, & Asendorpf, 2009 ). Decisions to explore or exploit are affected by various social, environmental, and individual factors (see Mehlhorn et al., 2015 , for a review), from individual differences in working memory capacity (Hills & Pachur, 2012; Rakow, Demes, & Newell, 2008) to depression (Blanco, Otto, Maddox, Beevers, & Love, 2013) and age (Blanco et al., 2016; Mata, Wilke, & Czienskowski, 2013 ). In the current work, we focus on exploratory behavior in a task in which individuals make decisions to explore new resources or to exploit previously encountered resources. Specifically, we are interested in the effects of age and framing on older and younger adults' ability to optimize exploratory decision-making strategies.
The framing effect is a well-known phenomenon that affects decision-making-simple changes in the framing of a choice as a "gain" or a "loss" can lead to drastically different responses (see Kühberger, 1998 , for a review). Framing affects several types of decision-making, from choices concerning both hypothetical and real monetary outcomes to questions pertaining to the loss of life (Tversky & Kahneman, 1981) . Perhaps the most well-known test of framing is Tversky and Kahneman's Asian disease problem, in which participants choose between programs designed to treat the outbreak of a disease expected to kill 600 people. One option is more secure (200 of 600 people will be saved; 400 of 600 people will die) and one option is more risky (1/3 probability that all 600 will be saved, a 2/3 probability that all 600 will die). The framing of this problem as gains (lives saved) or losses (lives lost) leads to different decisions in which participants most frequently select risk-averse options in gains, but select the risk-taking options when framed in terms of losses. Likewise, in monetary gambling tasks individuals also exhibit more risk-averse behavior when the task is framed as gains than when the task is framed as losses, indepen-dent of the probabilities and reward amounts (De Martino, Kumaran, Seymour, & Dolan, 2006) .
Cognitive aging is known to affect decision-making performance, prompting several thorough reviews that elucidate the many neural and motivational changes that affect decision-making abilities. Motivational changes in older adulthood influence how people make decisions, shifting from gain orientation in younger adulthood to loss prevention in older adulthood (see Depping & Freund, 2011) . Neuropsychological changes in older adulthood such as dopamine modulation are also thought to impact older adults' decision-making processes (e.g., Mohr & Heekeren, 2012; Mohr, Li, & Heekeren, 2010) . Other work has reviewed age differences in risky choice, finding that wide age-related differences are observed across studies, varying as a function of the learning requirements of the particular task (Mata, Josef, SamanezLarkin, & Hertwig, 2011 ; see also Best & Charness, 2015) . Mata and colleagues (2011) identified differences in the effect of age on risk-taking behavior in two categories of decision-making tasks: decisions from description and decisions from experience. In decisions from description, people make choices between options in which full information about probabilities and outcomes is explicitly presented. Alternatively, decisions from experience provide no explicit information about probabilities, and individuals must rely on experience acquired through feedback (Mata et al., 2011) . Older adults are equally affected by framing as younger adults in decisions from description (e.g., Mayhorn, Fisk, & Whittle, 2002; Rönnlund, Karlsson, Laggnäs, Larsson, & Lindström, 2005) , but little is known about the effect of framing on older adult decisions from experience. Age differences are most evident in tasks that contain a strong learning component, such as decisions from experience, but they are largely absent when outcome information does not require learning (Hosseini et al., 2010) . Decision-making from experience is more likely to show effects of aging and cognitive decline because of the required utilization of learning and memory resources (Eppinger, Hammerer, & Li, 2011; Mata et al., 2011) .
The current study addresses whether the age of the decisionmaker results in differential effects of framing in an experiencebased decision-making task framed as gain maximization and loss minimization. Critically, the underlying reward structures for the two tasks are identical in that the losses condition is constructed by simply subtracting a constant from the values available in the gains condition. Thus, the only difference between the two conditions is that one condition provides positive reward values with a goal of maximizing gains whereas the other condition provides negative reward values with a goal of minimizing losses. We expect that decision-making from experience will exhibit framing effects associated with aging, hypothesizing that older adults will show performance deficits in this exploratory decision-making task. Learning to take an action to avoid a punishment is more difficult than learning to take an action to receive a reward and results in lower accuracy (Guitart-Masip et al., 2012) . This difficulty may be enhanced for older adults. It has been argued that older adults prefer positive material because negative information is more cognitively demanding (Labouvie-Vief, Grühn, & Studer, 2010) . Likewise, differential processing of gains and losses in older adults has been observed in decision-making using the Iowa Gambling Task (IGT; Denburg, Recknor, Bechara, & Tranel, 2006; Denburg, Tranel, & Bechara, 2005; Fein, McGillivray, & Finn, 2007) , suggesting that younger adults are better able to learn from negative feedback than older adults. Thus, framing the task as loss minimization may make it more difficult for older adults to learn from feedback to develop an effective strategy.
The similarity of the two tasks, combined with our withinsubject design, allow us to isolate the differential effects of gain and loss framing on decision-making. Performance measures will be supplemented with modeling analyses that allow us to determine if behavioral differences are due to the implementation of fundamentally different strategies. Participants have a limited number of trials to accrue rewards by repeatedly selecting one of two options: reusing a card with a known value (exploiting) or drawing an unknown card to try to find something better (exploring). Goal-directed performance requires participants to flexibly adapt their exploration threshold as the task progresses. Optimal performance in this task requires the use of a decreasing threshold for exploitation (Sang, Todd, & Goldstone, 2011) . At the beginning of each game (with more trials remaining), participants should have a higher threshold for exploitation and should only be willing to exploit high values. However, as they continue to explore and continue to receive unsatisfactory outcomes, the value that they are willing to exploit should decrease. In Experiment 1 we will compare older and younger adult performance and model fit to determine whether participants utilize the optimal decreasing threshold strategy by comparing the fit of a decreasing threshold model to a steady, nonflexible threshold model and a fixedexploration probability model that represents habitual responding.
People are capable of selecting from existing strategies and are able to adapt these strategies to different environments or conditions (Payne, Bettman, & Johnson, 1993; Siegler, 1999) . Age differences in strategy selection have been observed, suggesting that the ability of older adults to select strategies is affected by the environment structure (Blanco et al., 2016) . Older adults exhibit poorer performance in situations that rely on cognitively demanding strategies, showing difficulties in learning from experience and in overcoming initial strategy preferences (e.g., Mata, von Helversen, & Rieskamp, 2010) . It is important to note that this work also suggests that older adults have the ability to improve strategy use and performance with training (Mata et al., 2010 ). In the current study, we hypothesize that older adults will have difficulties learning from feedback in the loss-minimization condition and will be similarly unable to switch from initial strategies (i.e., random exploration) to an optimal strategy. In Experiment 2, we manipulate order effects to determine whether older adults can perform better in the loss-minimization condition and implement the optimal strategy when they are first able to develop their strategy in the gains-maximization condition, a condition in which they show no performance deficits. Thus, we expect that order will moderate framing effects such that older adult deficits will only be observed when the loss-minimizations task is completed first, and that individuals who complete the loss-minimization task second will show enhanced fit of the decreasing threshold model. between 60 and 88 years of age (M ϭ 67.62, SD ϭ 6.43) were recruited from the Austin, TX community and compensated for their participation. Informed consent was obtained from all participants, and the experiment was approved for ethics procedures using human participants. Demographic information was collected for each subject.
Materials and procedure. Neuropsychological testing. Older adults were given a series of standardized neuropsychological tests to ensure that they were within normal ranges. Tests included the Digit Span and Vocabulary subtests of the Wechsler Adult Intelligence Scale-Revised (WAIS-R; Wechsler, 1981) , Trail Making Test A&B (TMT; Army Individual Test Battery, 1944), the Stroop Color-Word Test (Stroop, 1935) , the F-A-S Word Fluency subtest of the Neurosensory Center Comprehensive Examination for Aphasia (Spreen & Benton, 1977) , and the California Verbal Learning Test (CVLT; Delis, Kramer, Kaplan, & Ober, 1987) . Normative scores for each subject were calculated for each neuropsychological test using the standard age-appropriate published norms and converted to z scores using testing instructions.
Procedure. The decision-making task was administered across two laboratory sessions separated by an average of 6.53 days (SD ϭ 5.82). Each participant completed two versions of the task, one framed as gains and one framed as losses, counterbalanced across participants, with half of participants completing gains first and half completing losses first.
Decision-making task. The decision-making task was adapted from Sang and colleagues (2011) and performed on PC computers using Matlab software with Psychtoolbox 2.54 (Brainard, 1997; Pelli, 1997) . Participants were told that they would be playing multiple games with a goal of maximizing points gained (or minimizing points lost). Each game consisted of 20 trials, and each participant played eight games in each condition (gains and losses).
At the beginning of each game, the participant had to select a card from a deck of cards (sample trial, Figure 1 ) and was presented with a reward that was then added to their cumulative total. On all subsequent trials the participant was given a choice between exploring the deck by selecting a new card or replaying their highest card drawn during the game. The current high card was updated every time the participant explored the deck and drew a higher card. At the beginning of the experiment, participants were explicitly told the maximum and minimum card values. The current total, number of trials left, and current high card were displayed at all times. At the end of each game, participants were provided with their total score for that game as well as their goal for the game. The goal was always 95% of the maximum points that participants would have accumulated had they optimally behaved. This goal was provided so that participants could gauge whether or not they were performing well. In the gains condition, values awarded on each trial ranged from 1 to 100, drawn from a normal distribution. The distribution of reward values for the losses condition was identical to the gains condition with the exception that each value was reduced by 100 points.
Results
Performance was first analyzed by assessing the total points collected throughout the course of the experiment relative to optimal performance for each participant (Figure 2A ). We conducted a 2 (Age) ϫ 2 (Framing) ϫ 2 (Order) ϫ 8 (Game Number) analysis of variance (ANOVA) on total points collected, with condition (gain or loss) and game number as within-subject factors and age group and order (gains first or losses first) as betweensubject factors. We included game number in our ANOVA to determine whether participants' performance changed across the course of the experiment at similar rates. We observed a significant effect of age, in which older adults performed worse overall than Figure 1 . Sample trial from beginning of a game for Experiments 1 and 2. Participants first drew a card and received their reward. On each subsequent trial, participants could draw a new card or could reuse their highest card. Note that in Experiment 2 the card image was a solid color whereas in Experiment 1 the card image resembled a standard playing card. See the online article for the color version of this figure. This document is copyrighted by the American Psychological Association or one of its allied publishers.
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younger adults, F(1, 39) ϭ 12.594, p ϭ .001, partial 2 ϭ .244, and a main effect of condition in which participants performed better overall in gains than in losses, F(1, 39) ϭ 3.930, p ϭ .055, partial 2 ϭ .092. We also observed a main effect of game number, F(7, 273) ϭ 4.146, p Ͻ .001, partial 2 ϭ .096, in which performance was the lowest in the first game (M 1 ϭ. 87) and generally increased across the course of the experiment (M 8 ϭ .92). Game number did not interact with age group (p ϭ .141), or Age ϫ Condition (p ϭ .322), indicating that performance did not change at different rates across groups. The main effect of order was also not significant (p ϭ .893), indicating that participants did equally well whether they completed the gains or losses conditions first. Order did not interact with age group, condition, or game number (ps Ͼ .2). It is important to note that we found a significant interaction between age and condition, F(1, 39) ϭ 7.294, p ϭ .010, partial 2 ϭ .158. Older adults' performance in the gains condition was preserved relative to younger adults t(41) ϭ 1.045, p ϭ .302; however, older adults performed significantly worse than younger adults when asked to minimize losses, t(41) ϭ 3.493, p ϭ .001.
Exploration versus exploitation. To gain insight into the mechanism underlying the older adult deficit in losses, we first analyzed the number of trials on which participants explored and exploited ( Figure 2B ). Exploration was defined as simply selecting a new card from the deck, and exploitation was defined as reusing a previously seen value. We observed a main effect of condition in which participants explored more in losses than gains, F(1, 41) ϭ 10.066, p ϭ .003, partial 2 ϭ .197, and a significant interaction between age and condition, F(1, 41) ϭ 4.322, p ϭ .044, partial 2 ϭ .095, indicating that older adults did not explore significantly more than younger adults in the gains condition (p ϭ .560), but they did explore more in the losses condition, t(41) ϭ 2.009, p ϭ .051. The main effect of age on the number of exploratory trials was not significant (p ϭ .162).
Decreasing threshold model. We fit each participant's data with three computational models to assess strategy engagement, including a fixed-probability exploration model, a steady threshold model, and a decreasing threshold model.
The fixed-probability exploration model is a simple oneparameter model that assumes that participants explore with a fixed probability across the course of the experiment. The probability of exploring does not change according to received rewards.
Alternatively, decision-making behavior in this task can be modeled by the use of a threshold rule in which participants switch from exploring to exploiting when their selection reaches a target threshold value. The steady threshold model assumes that the threshold value at which participants will choose to exploit is stable throughout the course of the experiment. For each trial, the probability of exploring is calculated using the formula Pr(explore) ϭ 1 1 ϩ e Ϫ0.1 (TϪMax) where Max was the highest card value seen before the current turn and T is the exploration threshold that ranges from 1 to 100. We used maximum likelihood estimation to estimate the parameter value T of the model for each participant. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
The optimal strategy for this task is similar to the steady threshold model, but it allows the threshold to adjust according to the number of turns remaining (Sang et al., 2011) . The decreasing threshold model that we fit to our data has two free parameters: an initial threshold (ranging from 1 to 100) that captures initial exploration preferences and a decay parameter, d, that allows the threshold to decrease at Trial 4, 8, 12, 16, and 19 (adapted from Sang et al., 2011) . At each of these segments, the current threshold, T, is multiplied by the decay parameter (ranging from 0 to 1). A decay parameter of 1 indicates that participants are best fit by a steady threshold whereas lower d parameters indicate a threshold that decreases steeply as the experiment progresses. For each trial, the probability of exploring on the current trial was calculated in the same manner as the steady threshold model, with the exception that the threshold value varies as the game progresses.
We used Akaike weights (Wagenmakers & Farrell, 2004) to compare the relative fits of the models. The Akaike weights are derived from Akaike's information criterion (AIC; Akaike, 1974) , which penalizes likelihood values of each model according to the number of free parameters, V i :
The AIC values were used to generate the Akaike weight for each of the three models for each participant. The relative likelihood, L, of each candidate model is transformed and normalized by dividing each of the likelihoods by the sum of all likelihoods for each tested model. Akaike weights can be interpreted as the probability that the model is the best model for the data from the set of candidate models given the data set (Wagenmakers & Farrell, 2004) .
Modeling results. The average Akaike weights for each condition are reported in Table 1 . Younger adults were clearly best fit by the decreasing threshold model in both the gains and losses conditions. For younger adults in the gains condition, there is a 90% probability that the decreasing threshold model is the bestfitting model given the candidate model set and participant data. In the losses condition, this probability is 78%. Older adults in the gains condition are also better fit by the decreasing threshold model (52% probability, compared with 26% probability that the steady threshold model is the best candidate model). Older adults in the losses condition were best fit by the fixed-probability exploration model (52%).
We used a repeated-measures ANOVA to test these effects, finding a significant Framing ϫ Age interaction, F(1, 41) ϭ 5.632, p ϭ .022, partial 2 ϭ .121. Older adults were more affected by loss framing than younger adults in their ability to implement the optimal strategy.
Within the decreasing threshold model we also examined the model parameters. The initial threshold values were slightly larger for losses than for gains, F(1, 41) ϭ 3.271, p ϭ .078, and older adults were fit by slightly lower thresholds, F(1, 41) ϭ 3.087, p ϭ .086. Older adults also adjusted their thresholds less as the experiment progressed, represented by a higher d parameter, F(1, 41) ϭ 5.309, p ϭ .026.
Discussion
In Experiment 1, we tested the effect of framing on younger and older adult exploratory decision-making performance. Our results suggest that older adults are impaired relative to younger adults, but only when the task is framed as minimizing losses. Older adults were better fit by a model that indicated that they did not develop the optimal decreasing threshold strategy but instead explored with fixed probabilities. It is important to note that older adults performed well in the gains condition and were well fit by the decreasing threshold model, indicating that they are capable of performing well in this task and developing the optimal strategy. We hypothesize that older adults, once they have already developed a successful strategy in the gains condition, will use the same strategy in the losses condition. In Experiment 2, we repeat the same behavioral task without a time delay between gains and losses conditions to test whether the older adult deficit in loss minimization can be attenuated when older adults have the opportunity to learn from their choices and to develop a successful strategy in a gains-framed task.
Experiment 2
Experiment 2 follows the same design as Experiment 1 with the exception that each participant completed both the gains and losses conditions without a time delay between tasks. Our goals for this experiment are twofold. First, we seek to replicate the older adult deficit in loss minimization relative to younger adults from Experiment 1 with a larger sample size. Second, we examine whether older adults, who can develop successful strategies for maximizing gains, are able to apply these strategies to the loss-minimization task when the tasks are serially presented.
Method
Participants. One hundred and ten younger adults between 18 and 30 years of age (M ϭ 25.86, SD ϭ 2.92) and 111 older adults between 60 and 86 years of age (M ϭ 64.46, SD ϭ 4.59) were recruited from Amazon's Mechanical Turk and compensated for their participation. Informed consent was obtained from all participants, and the experiment was approved for ethics procedures using human participants. Demographic information was collected for each subject.
Materials and procedure. The decision-making task, identical to the task in Experiment 1, was administered in a single session. Each participant completed two versions of the task, one framed as gains and one framed as losses, counterbalanced across participants, with half of participants completing gains first and half completing losses first. Experiment 2 was administered on Amazon's Mechanical Turk. PsiTurk (http://psiTurk.org; McDonnell et al., 2012) was used to develop the experiment and as an interface for interaction with the Mechanical Turk system. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
Results
As in Experiment 1, performance was again analyzed by assessing the total points collected throughout the course of the experiment relative to optimal performance for each participant using a 2 (Age) ϫ 2 (Framing) ϫ 2 (Order) ϫ 8 (Game Number) ANOVA with condition (gain or loss) and game number as within-subject factors and age group and order (gain or loss first) as betweensubject factors ( Figure 3A ). We observed a main effect of condition in which participants performed better overall in gains than in losses F(1, 217) ϭ 8.519, p ϭ .004, partial 2 ϭ .038. We also observed an Age ϫ Condition interaction, replicating the results of Experiment 1, F(1, 217) ϭ 7.469, p Ͻ .001, partial 2 ϭ .033. The main effect of game was significant, indicating that participants improved across the course of the experiment, F(7, 1519) ϭ 3.751, p ϭ .054, partial 2 ϭ .017. We did not observe any significant interactions between game number and order or age (ps Ͼ .3). The main effect of age was also not significant, indicating that overall older and younger adults performed similarly (p ϭ .756). Importantly, we observed an interaction among condition, age, and order in which the task was presented, F(1, 217) ϭ 3.138, p ϭ .003, partial 2 ϭ .014. For younger adults, the interaction between condition and order was not significant (p ϭ .688). For older adults, the interactive effect of condition and order on performance was significant, F(1, 109) ϭ 12.075, p ϭ .001, partial 2 ϭ .100 ( Figure 3B ). Order did not have an effect on older adults' performance in the gains condition, F(109) ϭ .217, p ϭ .643, partial 2 ϭ .002, but it did have an effect on older adults' performance in the losses condition, F(109) ϭ 19.658, p Ͻ .001, partial 2 ϭ .153, with participants performing better when the losses version of the task was completed second rather than first.
Exploration. We again examined the number of trials on which participants explored and exploited. Exploration was defined as simply selecting a new card from the deck, and exploitation was defined as reusing a previously seen value. We again observed a main effect of condition in which participants explored more in losses than gains, F(1, 217) ϭ 24.730, p Ͻ .001, partial 2 ϭ .102. We also observed a significant Age ϫ Condition interaction, F(1, 217) ϭ 4.587, p ϭ .033, partial 2 ϭ .021, in which older adults exhibited a greater framing effect in exploration. The interaction between framing and order was marginally significant, F(1, 217) ϭ 3.482, p ϭ .063, partial 2 ϭ .016, suggesting that participants may explore more in the losses condition when it occurs first. Numerically, the group with the highest rate of exploration was older adults in losses when the loss task was completed first. The main effect of age on the number of exploratory trials was not significant (p ϭ .750), and the Framing ϫ Order ϫ Age interaction was not significant (p ϭ .236).
Modeling results. We fit each participant's data with the three models detailed in Experiment 1, reported in Table 2 . We analyzed model fit based on framing, age, and task order. Modeling results for Experiment 2 were similar to those in Experiment 1, although with weaker effects. All groups were best fit by the decreasing threshold model. The least reliable fit was in older adults who completed the loss-minimization task first. For this group there This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
was only a 53% probability that the decreasing threshold model was the best-fitting model. We again analyzed within-subject effects, finding a significant Framing ϫ Order effect, F(1, 217) ϭ 10.284, p ϭ .002, partial 2 ϭ .045, indicating that the fit of the decreasing threshold model increased for losses when it was the second task. The Framing ϫ Order ϫ Age effect was marginally significant, F(1, 217) ϭ 2.789, p ϭ .096, partial 2 ϭ .013, indicating that older adults showed a greater effect of order than younger adults in their engagement of the optimal strategy.
The averages for the best-fitting parameters of the decreasing threshold model can be seen in Figure 3, 
General Discussion
Deciding to explore additional resources or exploit a known resource is a part of daily life, and exploratory behavior is a key aspect of decision-making. Knowing how older adults perform these tasks is critical to understanding older adult decision-making and can provide insight into how decision-making changes as a result of normal aging. In this study we tested older and younger adults' performance in two versions of an exploratory decisionmaking task to determine whether framing has a differential effect on older and younger adults. In Experiment 1 we found that older adults exhibit intact exploratory decision-making when maximizing gains but show deficits relative to younger adults when minimizing losses. In Experiment 2 we replicated this older adult deficit, but we showed that the older adult performance deficit lessens when participants complete the gains-framed version immediately before the loss-framed task.
Although three of our participant conditions in Experiment 1 (younger adults in gains and losses, and older adults in gains) were best fit by a decreasing threshold model that indicates that they used a lower threshold as each game approached the end, only older adults in the losses condition were fit by a nonoptimal model, indicating that they explored with fixed probabilities. The model fits for older adults in Experiment 2 showed order effects in which older adults that completed the losses version first were less likely to be fit by the decreasing threshold model than those who completed the losses version second. This difference indicates that older adults who completed the losses version after the gains task may have been able to modify their strategy to follow a decreasing threshold in the loss-minimization task.
Although the behavioral results of our in-laboratory sample (Experiment 1) were replicated in our online study (Experiment 2), one limitation to the current study is that modeling effects differed between the two samples, better accounting for differences in performance in Experiment 1 than in Experiment 2. One possibility is that participants may have utilized other suboptimal strategies that were not captured by our set of models. Future work should seek to determine alternative strategies that could be implemented in exploratory decision-making tasks, and it should examine whether alternative models can account for age-related differences in exploratory decision-making performance. It is also possible that participants in our online sample may have developed slightly different strategies through increased experience with online cognitive tasks and experiments. Future work could also attempt to collect information on frequency of participation in similar studies to determine whether increased participation in similar cognitive tasks affects individual strategy engagement.
Aging is associated with motivational and affective changes that may affect decision-making abilities and information processing (e.g., Blanchard-Fields, 2007; Mather & Carstensen, 2005) . A large body of work shows that older adults attend preferentially to positive information over negative information (e.g., Charles, Mather, & Carstensen, 2003; Mather & Carstensen, 2005) , coined the positivity effect. Under this view, older adults may perform worse in the losses condition, as observed in the present study, because their decreased sensitivity to losses prevents them from effectively learning the optimal decision-making strategy. Agerelated valence effects in learning and responsiveness to rewarding stimuli have been supported in several studies. For example, Samanez-Larkin et al. (2007) found that older adults are less sensitive to anticipation of losses than younger adults. Likewise, older adults exhibit a lack of arousal for losses compared with gains (Nielsen, Knutson, & Carstensen, 2008) . In the IGT, abnormal somatic response while anticipating advantageous and disadvantageous choices were related to performance impairments (Denburg et al., 2006) , indicating that differences in anticipation of future events may underlie decision-making deficits. Differential processing of gains and losses in older adults in the IGT (Denburg et al., 2005 (Denburg et al., , 2006 Fein et al., 2007) further suggests that younger adults are better able to learn from negative feedback than older adults and that older adults exhibit increased attention to wins and decreased attention to losses (Wood, Busemeyer, Koling, Cox, & Davis, 2005) .
Alternatively, goal-orientation theories of aging suggest that aging is associated with a shift from a focus on growth and gains to a focus on loss prevention (Ebner, Freund, & Baltes, 2006) . Under this view, younger adults may process information with respect to gain maximization whereas older adults may focus more on information related to loss avoidance. The idea that older adults are more sensitive to losses in learning has found support in Note. Higher values indicate better fit. Best-fitting model for each condition is highlighted in bold. This document is copyrighted by the American Psychological Association or one of its allied publishers.
several domains. In probabilistic selection tasks older adults show an increased tendency to learn from negative information (Frank & Kong, 2008) . Older adults also show increased lose-shift behavior as compared with younger adults, suggesting that losses have a larger impact on their decision-making behavior (Hämmerer, Li, Müller, & Lindenberger, 2011) . The opposing findings of both increased and decreased sensitivity to losses have been suggested to result from different processes, with greater loss sensitivity emerging during learning in which behavior is dependent on the processing of outcomes and decreased loss sensitivity emerging in anticipation of unavoidable losses (see Eppinger et al., 2011 , for a review). The current study cannot determine with certainty whether older adults' reduced performance in exploratory decision-making during loss minimization is related to older adult positivity bias, as predicted by socioemotional selectivity theory, or increased loss sensitivity. We note this as a limitation of the current work and an interesting line of future research. Despite this limitation, we feel that the current study is informative in two key ways. First, we identify a framing difference between older and younger adults in decision-making from experience, which has been hypothesized but difficult to identify (Mata et al., 2011) . Second, we show that older adults are adaptive decision-makers. Although most older adults were unsuccessful in developing the optimal strategy in loss-minimization conditions, they were able to effectively use the optimal strategy when they completed the task first in gainsframed conditions. Thus, older adults are adaptive decision-makers who are capable of utilizing optimal strategies as long as these strategies are developed under circumstances that are conducive for learning in older adults.
